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CHAPTER 1

INTRODUCTION

Parkinson's Disease (PD) is a progressive movement disorder in which symptoms
continue and worsen over time. The specific group of symptoms that an individual
experiences varies from person to person. Primary motor signs include tremor in hands,
arms, legs, jaw, and face. The other group experiences movement disorders, such as
slowness in movement, rigidity of the limbs and trunk, postural instability or impaired
balance and coordination. Nearly one million people in the United States suffer from
Parkinson’s Disease [1].

Parkinson’s Disease is the second most common

neurodegenerative disease after Alzheimer’s disease. In the United States, 50,000-60,000
new cases of PD are diagnosed each year, adding to the one million people who currently
have PD. According to the World Health Organization, 5.2 million people suffer from
PD in the world and mortality rate is 2 to 5 times higher among affected persons [2]. The
Center for Disease Control rated complications from Parkinson’s disease as the 14 th
leading cause of death in the United States [3]. Movement disorders, such as tremor,
shuffling, festinations, and akinetic episodes are common complications of Parkinson’s
Disease (PD).
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More than 80% of PD patients suffer from movement disorders which affect the
quality of life of patients and caregivers. In addition to the slowness of movement
(Bradykinesia), PD patients frequently experience the inability to initiate movement
(Akinesia) or sudden freezing during movement.
Freezing of movement frequently leads to falls and injuries. It can occur as starthesitation or during walking, and could be initiated by visual patterns on the path or by
approaching narrow spaces, such as thresholds and doorways [4], [5]. This sudden block
of movement is also known as Freezing of Gait (FOG). The FOG episode is a state
where the patient does not respond within one second to the instruction to walk (or) if
he/she cannot continue normal locomotion. FOG can even last for over several minutes
and it is often resistant to therapy [6]. FOG can be manifested in different ways. Patients
can come to a complete freezing of gait (Akinesia), tremble (festinations), walk with very
short steps (or) shuffling in same place (Dyskinesia).

There are five typical FOG

scenarios: start hesitation, turn hesitation, hesitation in tight quarters – FOG through
narrow space, destination hesitation, and open space hesitation [7], [8]. Diagnostic of
early changes in Parkinson’s patients would greatly benefit from precise quantification of
subtle movement characteristics that can be measured by commercially available
sensitive sensors. The assessment of motor impairments in PD is mostly clinical and
requires trained specialists. We believe that mobile monitoring provides an opportunity
for monitoring of Parkinson’s changes at home and during activities of daily living.
The assessment of motor abnormalities in PD is based on a number of different
scales. The most widely used rating scale is the Unified Parkinson’s Disease Rating
Scale (UPDRS) [9]. In most of the cases clinical assessment has been in the form of
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subjective patient reports and questionnaires.

This approach is limited because of

complex walking patterns and obstacles required for testing. Strengths of the UPDRS
include its wide utilization and applications across the clinical spectrum of PD which
includes a comprehensive coverage of motor symptoms.

Weaknesses include

ambiguities in the analysis of the written text, inadequate instructions for raters, some
metric flaws, and the absence of screening questions on several important non-motor
aspects of PD. Due to the advancements in technology in the last 3-4 years, several
reliable techniques introduced instrumented assessment using inertial sensors, such as
MEMS accelerometers and gyroscopes. The automated system can perform activity
recognition and gait classification of the Parkinson’s patient. As a result, several groups
have proposed objective methods to quantify tremor and Bradykinesia. There has been a
growing interest in applications of body sensor networks, and in particular kinematic
sensors for long-term monitoring of PD patients [10], [11].
Patel et al. [12] presented a study to estimate the severity of tremor, Bradykinesia,
and Dyskinesia from accelerometer data and performed thorough assessment of several
parameters. The study included twelve individuals ranging in age from 46 to 75 years.
They delayed the first medication intake in the morning to clinically observe patients
during their most severe motor symptoms. The sensor platform is the Intel’s Digital
Health Group’s Sensing Health with Intelligence, Modularity, Mobility and Experimental
Re-usability (SHIMMER). They estimated five different features from the accelerometer
data: the range of amplitude in each channel, the root mean square value of each
accelerometer signal, two cross-correlation based features, two frequency based features,
and the signal entropy. Several other groups have also designed a wearable platform
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using the SHIMMER platforms. The SHIMMER consists of a microprocessor along with
tri-axial MEMS Accelerometer, Bluetooth Radio and SD card slot which allows for
streaming of sensor data at high rates and storing them in the flash memory.
Jovanov et al. proposed a system that analyzes inertial signals in real-time to
detect and unfreeze the gait of PD patients [13]. The system includes an inertial wearable
sensor and a wireless headset for the delivery of acoustic cues to unfreeze the gait. A
real-time signal-processing algorithm detects FOG episodes with minimum latency using
analysis of activity in the freeze band of frequency components ranging from 3 to 8Hz.
Limitations of the existing systems include power consumption and lack of
support on standard smartphone platforms. Power consumption determines size and
weight of sensors, which limits user’s acceptance. On the other side, low power sensors
typically use low power wireless communication standards, such as ZigBee or Ant, that
are not supported on standard Smartphone.

One of the very important recent

technological developments is introduction of the low power standard Bluetooth Low
Energy (BLE) [14].

BLE features significantly lower power consumption than the

standard Bluetooth, while being supported on most recent smartphones. Bluetooth Low
Energy is aimed at novel applications in the healthcare and other industries.
Smartphone has become revolutionary technology influencing many aspects of
our lives. A typical smartphone now features a number of high quality sensors, such as
an accelerometer, a gyroscope, a magnetometer, and a proximity sensor. These sensors
are used for feature enhancement, such as determination of screen orientation or digital
compass.

A number of new applications use the same sensor set for a variety of

applications, such as wearable health monitoring. Jovanov et al. [15] developed a mobile
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wellness monitoring system (imWell) to continuously assess the dynamic physiological
response to posture transitions during activities of daily living. They used a Zephyr Bio
Harness3 physiological monitor to continuously report heart activity and physical activity
via Bluetooth to a personal mobile device. The personal device processes the signals
from the accelerometer to recognize posture transitions in real-time, characterizes
dynamic heart response to posture changes by processing the heart activity signal and
analyzes, logs and uploads the event descriptors to an mHealth server. New algorithms
were developed to detect the posture transitions and heart activity characterization during
a sit-to-stand transition.
Milosevic et al. [16] presented a smartphone application called sTUG to
completely automate and quantify the instrumented version of the Timed-Up-and-Go test
(iTUG), so that it can be performed at home. The Timed-Up-and-Go (TUG) test is
frequently used for assessing balance and mobility in elderly people and PD patients.
The subject mounts a smartphone on the chest (or) belt and starts the application to
capture movement by using smartphone’s built-in accelerometer and gyroscope sensors.
The application records, processes the sensor data and provides instantaneous feedback to
the user. Also, it allows user for automatic uploads of the test results into patient medical
record.
Milenkovic et al. [17] presented a Smart Wheelchair that uses a smartphone to
record physical activity of manual wheelchair with the help of smartphone’s built-in
sensors. A Smartphone application called mWheelness was developed to capture and,
process activity related data and periodically upload to the mHealth server. Along with
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this data, the smartphone acquires heart rate data from the Zephyr Heart Monitor and logs
the heart activity for processing and quantifying results.
Mobile applications provide information about physical activity of users and
promote wellness and healthy lifestyle. The increasing popularity of smartphones have
enabled several novel and exciting context-aware mobile applications. In these last few
years context-aware computing has emerged as revolutionary paradigm to deploy
pervasive and mobile applications that are able to adapt their behaviors based on the
characteristics of the environment.

Combined with Body Area Networks (BANs)

wearable systems can recognize daily activities, such as walking and running, and to use
this knowledge to enrich users experiences on different application domains such as
healthcare.
This thesis presents the design of a wearable smartphone-based system for
monitoring of Parkinson’s patients. A smart insole equipped with force Sensing resistors
is developed. A Connect Blue OLP425 module with Texas Instruments CC2540 System
on-chip (SOC) is used to process the data from force sensors and to connect to a
smartphone over Bluetooth Low-Energy (BLE) link. After processing the data from the
force sensing resistors (FSR), the module sends data through Bluetooth to the smartphone
that is Bluetooth 4.0 (BLE) compatible. We have used Motorola Droid Razr M as the
BLE smartphone device to conduct our experiments.
In addition, we have developed a smartphone application for assessment of hand
tremor of PD patients. The application calculates tremor from the accelerometer and
gyroscope sensors for a period of 30 seconds. The smartphone application was intended
for monitoring of tremor of PD patients at home. Measurements can provide objective
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assessment of tremor throughout the day and analysis of effects of medication and
therapeutic techniques. Tremor in PD patients is generally characterized by rhythmic
movements at a frequency approximately 4-6Hz which predominantly occurs at rest
position.
The thesis is organized as follows. Chapter 2 presents a survey of wearable
monitoring techniques and systems for monitoring of Parkinson’s patients. Chapter 3
describes the smartphone application for monitoring of hand tremor of Parkinson’s
patients. Chapter 4 presents the smart sole sensor designed to use force sensing resistors
and embedded microcontroller to detect gait parameters of PD patients and facilitate
detection of freezing of gait of Parkinson’s patients. Chapter 5 concludes the thesis and
describes possible future enhancements of the proposed system.
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CHAPTER 2

SURVEY OF WEARABLE MONITORING OF PARKINSON PATIENTS

Context-aware wearable health assistants that provide monitoring and guidance of
PD patients may revolutionize diagnostics and treatment of Parkinson’s disease. Inertial
Sensors such as accelerometer and gyroscopes are now often used for monitoring of
physical activity, activity recognition, and to facilitate gait analysis and classification.
Inertial sensors are usually placed on ankles, knees, hips, or other locations on the lower
body [18], [19], [20].

2.1

Analysis of Tremor in PD patients

The Movement Disorder Society proposed a clinical classification of tremors.
The classification is based on tremor during movements such as rest, postural, kinetic,
intention tremor. The tremor frequencies of low condition is less than 4Hz, Medium
condition is between 4-7Hz and high condition with more than 7Hz [21].
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Niazmand et al. [20] used acceleration sensors to detect tremor in limbs or other
parts of the body. The sensor data was processed using spectral analysis. The most
common method was using Fast Fourier Transformation (FFT), Short Time Fourier
Transform (SFT), and Power Spectral Density analysis. The setup included a glove with
integrated accelerometer sensors and a unit for data acquisition and processing. Data
acquisition is done through wireless communication and the measuring system was used
for data recording. In addition, offline processing was used to compare the results with
online processing. The purpose of online processing was to compute frequency in real
time. Their analysis suggests that the tremor signal is not periodic signal, and with the
help of pattern recognition, repetitions in the tremor signal and frequency can be
determined. Frequency analysis of tremor in PD patients can be used to diagnose and
monitor the progress in PD patients. Common approach to assessment of the movement
disorders is to perform gait analysis.
Zwartjes et al. [22] presented a novel ambulatory monitoring system that provides
complete motor assessment by analyzing motor activity of the PD patient with activities
like sitting, walking, standing. The motor activity was measured using four MT9 inertial
sensors with 3D accelerometers and 3D gyroscopes. The sensors were mounted on the
trunk, wrist, thigh, and foot. Video recording was performed to verify the results of
analysis from inertial sensors. The results correlated well with the Unified PD Rating
Scale.
Patel et al. [23] from Spaulding Rehabilitation Hospital, Harvard Medical School,
developed a home-monitoring system to monitor the PD patients who experience severe
motor fluctuations. The monitoring system includes wireless wearable sensors that report
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data to the Mercury Body Sensor Network platform, a web-application that provides
access to the sensor data and interaction between patient and clinician using video
conferencing. The Mercury BSN platform is based on SHIMMER sensor platform that
processes data from eight accelerometer sensors that were used to monitor the PD
patients. Several wearable sensors were deployed on the upper and lower limbs to
monitor patients while they perform a set of standardized motor tasks from the UPDRS.
Video recording of the subject helped clinician to assign clinical scores. The clinical
scores that measure the severity of the symptoms and motor complications facilitated
validation of results of analysis of wearable sensor data.
Rigas et al. [24] presented an automated method for both resting and postural
tremor assessment using a set of accelerometer sensors mounted on different patients
body segments. A low-pass finite impulse response (FIR) filter with cut-off frequency of
3Hz is used to extract the signal which contains the gravity force components.

In

addition, band-pass FIR filter with frequencies from 3 to 12Hz was used to extract the
signals corresponding to the tremor movements. The filter procedure was applied to each
channel. Tremor assessment algorithms were used to detect tremor in PD patients and
results determined and quantified the tremor severity with 87% accuracy.
Jeon et al. [25] proposed a technique to asses Parkinson tremor by estimating
amplitude of tremor motion calculated as absolute distance from accelerometer data. To
reduce the error caused by integration of noisy signals a constant moving average method
was used. The accelerometer signal was initially calibrated to reduce the absolute error.
Euclidean distance was computed from displacement to find the moving distance of
tremor. The Parkinson Tremor with moving distance was calculated and compared with
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the UPDRS of Hand Tremor. The more severe tremor should generate higher value of
the moving distance. The authors report that the mean distance during 1second were
11.52 mm corresponding to subjects UPDRS 1 (score 1 of the UPDRS scale) and 383.22
mm corresponding to UPDRS 3.
Grandez et al. proposed a novel system for monitoring of PD patients by using
Force Sensitive Resistors(FSR) [26]. The sensors were embedded in the insole on three
pressure points namely frontal plantar area (front left, front right) and heel position. The
sensor node consists of a very low power PIC family microcontroller with USB interface
and analog to digital converter (ADC) used to read the inputs from the force sensors. The
signals are stored on micro SD card. Analysis of walking patterns is performed using a
PC application. The application helps to visualize the results and allows doctors to
configure system based on needs of individual patients. They compared the test results
with PD patients and healthy subjects to determine the best location of sensors. It was
reported that the signal with greater variation corresponds to the heel sensor and front
right sensor.
Dosen et al. [27] developed a method for use of accelerometers and force sensing
resistors (FSRs). They used four dual axial accelerometer sensors and four force sense
resistors as inputs. The controller included two stages, the first stage was estimating the
target gait pattern using artificial neural network, while the second stage employed
optimal control to minimize the tracking errors from the gait pattern. Two measurement
systems were used in parallel for data collection, one that includes fixed camera based
motion capturing system in laboratory and mobile system based on accelerometers and
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FSRs. The signals from these sensors were acquired using DAQ-6024E data acquisition
card and a standard PC compatible laptop computer to process this data.
Gil et al. [19] provided detailed analysis of tremor in patients using entropy
measures of signal complexity.

Tremor was analyzed using tri-axial MEMS

accelerometer and human tremor vibrations were separated from continuous gravity
acceleration by using first order high-pass filter (0.3Hz). The signals were then adapted
to low-pass Butterworth filter of 4th order with a cut-off frequency of 30Hz to eliminate
external noises.

The signals were adapted to data acquisition card with sampling

frequency of 196Hz. The signals were used to calculate the resultant acceleration vector.
The processing of algorithm was done using Lab View programming environment. The
results proved that PD patients had increased values of tremor regularity compared to
matched controls.
Rahimi et al. [28] presented a study of frequency range perspective of tremor
suppression methodology for Parkinson’s patients. The experiment consists of a reaction
torque sensor (TQ301) that measured isometric elbow flexion-extension torque using a
reaction torque sensor. The experiment was performed at an elbow angle of 135 degrees.
The applied torque was collected along four channels of bi-polar EMG signals with 16bit acquisition card at 1kHz sampling frequency. Frequency analysis was performed on
the acquired torque signal and a band-pass FIR filter with pass band 3 to 17Hz was
designed to remove DC drift. Power Spectral analysis was performed to determine the
tremor frequency in the pass band. The two bands namely, the Parkinsonian tremor band
(4-6 Hz) and physiological or enhanced tremor (8-12 Hz) were exhibited by the PD
patients.
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2.2

Analysis of Freezing of Gait (FOG)

There are several devices on the market that specifically target the ability to detect
and recover from Freezing of gait (FOG) condition [8], [13], [29], [30]. One group of
devices uses visual stimulus for breaking the freeze. To provide a visual stimulus, a laser
device is attached to a cane or assistive walker that has the ability to project a line in front
of the user. The visual cue enables the freeze state to be broken But to break the freeze,
these devices needs manual trigger. This adds extra latency between the start of the
freeze and triggering of the stimulus and manual triggering of the stimulus. Another set
of devices used both visual and audio stimuli [31], [32]. Virtual Reality style goggles
provided a tiled floor pattern layer to the users view. In addition to this an audible click
sound is generated on each step and played through ear buds. This idea is accomplished
by a wearable system that monitors the users movement and learns the users walking
pattern.
Bachlin et al.[33] proposed device that just provides the audio click sound on each
step. The system uses a tiny computer that can record data and perform real-time signal
processing using Intel Xscale processor and Linux Operating System.

This system

weighs about 231 g and can run for more than 6 hours on 3.3 Ah battery. It offers
processing power comparable to ultra-portable PC with power consumption less than 2
watts. Two sensors attached to the leg, and one at the shank just above the ankle and
other at the thigh, just above the knee. The third sensor was attached to the belt, at the
lower back of the patient. Each sensor weighs about 22 g with 6 h of battery life. The
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data acquired by these sensors were sent to the wearable computer over a wireless
Bluetooth link for online data processing. Whenever there was a FOG episode, the
earphone produces 1Hz ticking sound that will unfreeze the gait in patient. One of the
groups used SHIMMER that consisted of a TI MSP430 microprocessor, a Chipcon
CC2420 wireless controller, IEEE 802.15.4 2.4 Ghz radio, micro SD slot, and tri-axial
MEMS Accelerometer.

SHIMMER is generally smaller when compared to other

wireless wearable systems because of its conventional board technology and lithiumpolymer battery for easy maintenance.

A tri-axial gyroscope sensor was designed

additionally as internal expansion. The SHIMMER weighs about 10 g and has 2 GB of
flash memory. This allows sensor to store 3 channels of accelerometer data sampled at
50Hz for 80 days.
In the year 2009, Jovanov et.al. [13] developed an automatic real-time system
with minimum latency that allows detection of freezing of gait fast enough to generate
acoustic stimulation to unfreeze the gait.

The stimulation is generated only at the

moment of freezing of gait [34]. The system consisted of a wireless headset and inertial
sensor and this inertial sensor was designed to provide maximum flexibility and sufficient
processing power for real-time analysis of sophisticated algorithms. The processor reads
accelerometer and gyroscope signals with the sampling frequency of 200Hz. The signals
are then filtered to eliminate the DC offset and processed in time and frequency domain.
A different time-frequency approach might reduce delay that is due to FFT-based block
processing of sampled data.
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Han et al. [35] have used an FFT analysis of recorded Accelerometer data along
with the corresponding video to determine characteristics of different types of gaits.
They concluded that the normal gait frequency was close to 2Hz while the frequency of
freezing of gait ranged between 6Hz-8Hz. They found that placing sensors at ankles
resulted in better signal output.
Moorea et.al. [8] performed power analysis of accelerometer signals. They used
similar approach of acquiring accelerometer signals fixed in ankle region to measure the
movement in the shank. After monitoring 11 subjects they determined two distinct gait
bands in the frequency spectra of accelerometer signals. The freeze band had a higher
frequency ranging from 3Hz-8Hz. This technique showed up to 76% of accuracy in
detecting FOG episodes. However, these algorithms did not provide real-time system to
detect freezing of gait using spectral methods.
Niazmand et al. [29] proposed Mi-Med Pants which consists of a ordinary pant
with five tri-axial accelerometer sensors. They placed the sensors at Right thigh, Left
thigh, shanks, and belly button. They used a wired network to connect sensors and
communicate wirelessly with a computer. Fully charged system can work for 20 hours.
The FOG detection algorithm runs on the computer by analyzing accelerometer signals
displaying the results. The transmitter unit weighs about 110 g and it is integrated inside
the textile. The PD patient would put on the Mi-Med pants and walks a standardized
course. FOG episodes were induced by introducing some obstacles on the path. At the
end of the experiment, the microSD card is disconnected from the Mi-Med pants and data
samples were analyzed on the PC. The data can either stored on sdcard or sent wirelessly
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to the receiver. They used a hybrid approach to analyze signals from legs, the belly
signal is used for compensation. The absolute value of acceleration and noise associated
with the Mi-Med pants were determined when the Pants were in rest (when lying on a
table).Their hybrid approach consisted of three sub-algorithms to detect FOG episodes.
The first algorithm was used to find the number of pulses per second during walking and
compared them with the reference of number of pulses. If the number of pulses was
greater than the reference then it is termed as suspicious state where FOG might take
effect. The second algorithm was used to find the time of shake and compared with
reference of time of shake. The reference was calculated by observing signals in stride
pattern and it was set up to 0.85s. Finally, the third algorithm was used to determine the
power spectral density to calculate the greatest frequency of dominant powers. The
sampling rate was set to 20Hz and this algorithm showed 88.3% sensitivity and 85.3%
specificity when compared to physicians evaluation. They conclude that Akinesia of
FOG was identified by physician but not by their system. Tremor was very slight and it
was not observed by the physician. Stillness cannot by classified with this technique
during normal walking.
Several other groups, Nieuwboer et al. [32] showed that auditory cueing is very
effective with visual and somatosensory cueing. Lim et.al. [36] explained extensively
effects of external rhythmical cueing on gait in PD patients and found some techniques
that improve the walking speed with the help of auditory cues. Patel et.al [18] proposed a
design that captures accelerometer and gyroscope data for clinical assessment of PD
patients. Raw data set is filtered using a high-pass filter with cut-off frequency of 1 Hz to
remove the orientation changes and low-pass filter with cut-off frequency of about 15Hz
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to remove the presence of any high frequency noise. Root Mean Square value was
calculated to measure the intensity of the detrended signal. The dynamic characteristics
of each task was determined by using the modulation output of each sensor signal and
auto-covariance of each channel was calculated. Rate of the movement was represented
by the dominant frequency component below 10Hz. The Ratio of energy in the dominant
frequency band to the total energy below 10Hz yielded periodicity. Finally, they used
entropy to measure the signal complexity. The system is used to monitor two important
motor fluctuations namely, Dyskinesia and Bradykinesia.

RMS and entropy were

dominant features for Dyskinesia and frequency, RMS and entropy were dominant
features or Bradykinesia.
Salarian et al [37] developed an ambulatory system for quantification of tremor
and Bradykinesia in PD patients. Miniature gyroscopes were fixed to forearms. An
algorithm to detect and quantify tremor and another algorithm to quantify Bradykinesia
was developed.

The record signals during measurements, a data logger with 8MB

memory at sampling rate of 200Hz was used. The weight of the sensor was only 35g. In
their second study to extend the period of recording an autonomous sensing unit recorder
(ASUR) was designed. The unit includes two gyroscope sensors, data logger, battery and
flash memory in a single small package. Each ASUR unit had capability of recording up
to 14 hours with 64MB of flash memory. Tremor frequency is predominantly is at rest
and measures approximately 4-6Hz. To detect tremor angular velocity from each signals
were analyzed. To remove the drift from the gyroscope signal a very fast first degree
Infinite Impulse Response (IIR) filter was designed with cut-off frequency of 0.25Hz in
the software. To detect the tremors signals were divided in to 3 seconds windows. The
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PD tremor has a duration of at least few seconds once it begins. So selecting a very short
window of 1secs would increase false positives. Selecting a long window of more than
10 seconds would reduce the resolution of tremor detection and could reduce the
accuracy in the case of short period of tremor followed by long period of intensive
voluntary activity. For each window the frequency spectrum of the signal was estimated.
The amplitude of the pole varied between 0 and 1. If the frequency was between 3.5–
7.5Hz and amplitude of 0.92 then that window is reported as tremor. The amplitude of
the detected tremor in degrees was calculated by taking the root mean square (RMS)
value of the angular velocity signal from the gyroscope signal. A Band-pass Finite
Impulse Response (FIR) filter with cut-off frequencies 3.5Hz and 7.5Hz was designed in
software.
calculated.

The filtered signal was integrated over time and its RMS values was
Ten PD patients and Ten control subjects participated in the 45minute

protocol of 17 typical daily activities. The algorithm for tremor detection showed an
overall sensitivity of 99.5% and specificity of 94.2% compared to a video reference.
Mazilu et al. [30] presented a wearable assistant, consists of Smartphone and
wearable accelerometers, for detection of FOG. When FOG is detected, the assistant
provides rhythmic auditory cueing that stimulates the patients to resume walking. The
wearable assistant consists of three external sensors which could be replaced by using
internal sensing platform from smartphone.

Nexus One Smartphone was used as

wearable computer and online processing was performed to detect FOG episodes.
Whenever FOG was detected, the application provides a feedback to the user. The final
system was able to detect FOG events with average sensitivity of 95%. They conclude
that Smartphone must be sufficient to detect FOG.
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Edgar et al. [38] developed a SmartShoe to recognize household and athletic
activities and provide feedback to the user.

A real-time recognition of multiple

household and athletic activities on a cell phone using the data collected from wearable
sensor system of smart shoe and a wrist accelerometer. The experimental data was
collected for different house hold activities and athletic activities performed by a healthy
subject. The data collected was used to train two neural networks, one for inactive
individuals and other for active individual.
Tang et al. [39] presented a wearable shoe monitor that performs accurate
classification of postures and activities through classification with rejection. Support
Vector Machine (SVM) model was used to classify different postures [40].

This

approach is widely used in the field of data-mining. The method of classification with
rejection is proved to be an effective approach to improve classification accuracy [41].

2.3

Wireless Body Area Networks (WBAN)

Recent technological advances in sensors, low power chips and wireless
communication has produced the design of low-cost, light weight, intelligent
physiological sensors that can be mounted into the body area network for various health
care applications.

Jovanov et al. [42] presented a WBAN system with a Zig-Bee

compliant radio interface and ultra low power microcontroller. The platform interfaces to
custom sensor boards that are equipped with accelerometers for motion monitoring and
other sensors. Software modules for on-board processing is developed using Tiny OS
operating system. WBAN technology introduced tremendous advances in technology for
ambulatory monitoring.
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Otto et al. [43] presented a prototype system for continuous health monitoring at
home. The system includes unobtrusive Wireless Body Area Network (WBAN) and a
health server.

The system includes intelligent sensors that monitors heart rate and

locomotive activity and periodically uploads time-stamp information to the health server.
The home server integrates this information in local database for users inspection (or) it
may upload information to the medical server. This application is used for patients
undergoing cardiac rehabilitation (or) for monitoring elderly people at home.

The

WBAN health monitoring system can be of more benefit for variety of users such as
normal users who likes to track information about their physical activity (or) patients
undergoing medication. The WBAN system plays a major role in health care due to
variety of reasons like increased elderly population and increased cost in healthcare.
Milenkovic et al. [44] presented issues and implementation of Wireless Sensor
Networks for personal health monitoring. These physiological sensor nodes, capable of
sensing, processing, and communicating one or more vital signs, can be seamlessly
integrated into wireless personal or body networks (WPANs or WBANs) for health
monitoring. These networks has provided a platform to revolutionize health care by
allowing inexpensive, non-invasive, continuous, ambulatory health monitoring with
almost real-time updates of medical records via the Internet. Typically the Wearable
Wireless Body Area Networks (WWBAN) architecture is a pivotal part of multi-tier
telemedicine system that includes a number of wireless medical sensor nodes that are
integrated into WWBAN. Each sensor node can sense, sample and process physiological
signals. An ECG is used for heart monitoring, EMG is used for muscle activity and EEG
is used for brain electrical activity, a blood pressure sensor for monitoring blood pressure
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and tilt sensor for monitoring trunk position and other inertial sensors like accelerometers
and gyroscopes. Tier 2 includes the personal server application running on mobile device
(or) a home personal computer that provides interface to the wireless medical sensors.
The network configuration includes the following tasks such as sensor node registration,
specifying the sampling frequency and other configurations. Once the WWBAN network
configuration is complete, Personal server application manages the network.

Tier3

includes medical server accessed via internet. The medical server typically runs a service
that will setup communication channel to the user’s Personal Server. These three tiers
help in making WWBAN completely functional.

Wearability and Reliability in

communication, Security and Interoperability are the requirements for a wireless medical
sensor.
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CHAPTER 3

A SMARTPHONE APPLICATION FOR QUANTIFICATION OF TREMOR

Smartphones have become a standard equipment in our day-to-day life because of
its remarkable design and ubiquitous use. Mass production significantly reduced the
price of smartphones while constantly improving performance and battery life.
Smartphones provide high computational power and have become a platform of choice
for wearable health monitoring systems. Smartphone are equipped with the set of sensors
that can be used to analyze the users activity. It is being widely used to promote well
being and a number of applications are focused on fitness monitoring of a user. For
example, CardioTrainer an android application allows users to record workouts by using
Global Positioning System (GPS) and Accelerometer sensor that are built-in smartphone
devices. Strava an iPhone application allows users to track running and logs workouts in
its personal system to compare daily workouts
Our idea was to develop a smartphone application that can assess the tremor of
users using only sensors already embedded in the smartphone.

We decided to use

Android Application development and the latest Motorola Droid Razr Maxx HD
Smartphone that has a rich set of sensors, which includes accelerometer, gyroscope, and
magnetometer.
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The application is designed to collect inertial data from smartphone sensors for a
period of 30 seconds. Once the Start button is pressed by the PD patient, a 30 second
count-down timer starts and stores the data in CSV format along with the timestamp until
the timer expires. The application can be used throughout the day to periodically assess
tremor of users. We tested the application on one healthy subject and one PD subject for
a full day monitoring. This experiment was accomplished to determine how tremor
changes throughout the day in effect of before and after medication. The data was
downloaded from microSD card to a PC for offline data processing using Matlab R2012b
(Mathwork,Miami,USA).

3.1

System Organization

The Motorola Droid Razr Maxx HD Smartphone supports Android Operating
systems and runs Android 4.1 (Jelly Bean). The processor is a 1.5GHz dual-core with
1GB of RAM and 32GB of ROM. The phone memory is limited to 26GB and there is an
optional microSD card slot that is expandable up to 32GB. It provides a 4.7” Super
AMOLED HD Display with 720p resolution). It is 9.3 mm thin and weighs only about
157 grams. It uses a 3300 mAh Lithium Ion Polymer battery that provides up to 32 hours
of performance. It supports Bluetooth Low Energy (BLE) technology (Version 4.0)
LE+EDR and also supports Wi-Fi 802.11 a/b/g/n.

Embedded sensors include

accelerometer, gyroscope, magnetometer, light sensor, barometer, and proximity sensor.
Along with the embedded sensors, the phone features Location sensor, NFC Scanner, and
8 Mpixel Camera. Other software enhancements makes the platform all-in-all device in
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the Android Market. It is one of the very powerful device from Motorola when compared
with today’s high-end Smartphone devices.

Figure 3.1: Smartphone platform Motorola Droid Razr Maxx HD

3.2

Application Architecture

The built-in sensors in the smartphone allow system developers to design a
number of new and exciting applications. The availability of all inertial sensors in one
device makes smartphone a stand-alone embedded device.
The Android Sensor API allows real-time streaming of data from embedded
sensors to design application based on needs of the user. An Android application consists
of sequence of activities. Each activity consists of a group of user interface views
(screens). Events allow users to create buttons, text box, list view, checkbox and other
view objects that are created using Extensible Markup Language (XML). The Android
Sensor API is different from the traditional Android API, which consists of a list of
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sensor implementation classes. Each sensor implementation class allows user to acquire
and log data from embedded sensors such as accelerometer, gyroscope, and
magnetometer. The Sensor Coordinate System uses a standard 3-axis coordinate system
to express data values. When a device is held in default orientation, the X axis is
horizontal and points to the right, the Y axis is vertical and points up, and the Z axis
points towards the outside face of the screen as shown in Fig 3.2. This coordinate system
is used by the following list of sensors:
Accelerometer Sensor
Gyroscope Sensor
Magnetometer Sensor

Figure 3.2: Sensor Coordinate Systems for accelerometer, magnetometer
and gyroscope

The Sensor Manager class is the super class which gives primary access to all
hardware sensors. Each hardware sensor is listed as a service where the Sensor Manager
class allows the user to register (enable) and un-register (disable) each service. The
Sensor event listener is an interface that provides the callbacks to alert an app to sensor
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related events. Sensor Event is an object that contains all the information that is passed
to an application when a hardware sensor has some information to report. So, a sensor
event object is passed from sensor system service to callback methods on Sensor event
listener. This listener processes the data in the sensor event object in an applicationspecific manner [45]. It is important that acquiring values from a sensor should not be
implemented inside an activity as it might cause time delays and dropped data. This is
because Android is not a Real Time Operating System (RTOS) and some measured
values might be delayed due to the processing of other tasks at that time (or) system
might be busy performing other high priority jobs. Usually, this scenario will not happen
unless the developer knows how to differentiate a user activity and reading data from
embedded sensors. The best practices for accessing and using sensors are the following:
User should un-register (disable) sensors after recording data samples. If this is
enabled throughout your application, the sensor will acquire data in background
and use less power.
Verify sensor existence in the particular device before attempt to acquire data
from the sensor.
User needs to know the appropriate sampling rate that is suitable for the
application, since the sensors can provide data at high sampling rates, at a higher
use of resources (processing time, memory, and power).
3.2.1 Accelerometer
The selected smartphone features 3 axis accelerometer.
accelerometer measures the acceleration in m/s2.

The MEMS

The maximum range of the

accelerometer sensor is 4g which means it can measure from -4g to +4g where ‘g’
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represents the gravity force (9.81 m/s2). The sensor outputs are digital signals with 12-bit
sample values (4096 possible values). The maximum sampling rate of the accelerometer
sensor in the selected platform is 100 Hz. and the magnetometer can be set to maximum
of 50 Hz sampling rate.
3.2.2 Gyroscope
The MEMS Gyroscope sensor measures rotational force to measure angular
velocity when the device is rotating. When the device is stationary all three axis measure
zero. The Sensor reports values in radians/second. If the axis is pointing towards the
user, then positive values in that axis indicate the counterclockwise direction.

The

maximum range of gyroscope is around 0.61 radians/second(35 degrees/second) with
resolution of 0.001 degrees/second. The maximum sampling rate of the gyroscope sensor
in the selected platform is 100 Hz.
3.2.3 Magnetometer
The Magnetometer sensor measures absolute magnetic field of Earth. The sensor
reports values in microtesla. The range of the sensor is around 2000 microtesla with a
resolution of 0.1 microtesla. The maximum sampling rate of magnetometer is 50 Hz.
Earth’s Magnetic field can vary from 30 microtesla to 60 microtesla.
3.2.4 Android Activity Life Cycle
An Android Activity is an instance of an application.

An activity creates a

window view for the user to interact with the application. Multiple activities can be
created within an application and allows the user to switch between main activity and
other activities. An application can contain multiple activities which are managed as an
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activity stack. So, when a new activity starts it is placed on top of the stack and becomes
the running activity. The previous activity will still be at the bottom of the stack and will
come to foreground if it is called again. The first time the application invokes the
activity, the onCreate method is executed. The method will create the UI for the user and
initiate the items that will be displayed on the UI. A simplified version of the activity
lifecycle is shown in Fig 3.3.

Figure 3.3: Basic Activity Life Cycle
An activity has three states,
Resumed (or active), if the activity is in foreground and user can interact with it.
Paused, the activity has lost focus and does not receive any user input. The
activity is semi-transparent.
Stopped, the activity is not visible to user but state information of member
variables is retained.
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Figure 3.4: Android Activity Life Cycle
The Android application that was designed for this experiment involved acquiring
values from accelerometer, gyroscope and magnetometer sensors. The main activity
consists of initializing all UI objects. The onCreate method creates the user interface
such as needed buttons, labels and text-boxes.

3.3

mPAT application

The mPAT (mobile Personalized Analysis of Tremor) Android application is
developed to determine the average motion of the device during 30 second test using in29

built smartphone accelerometer and gyroscope sensors. The Application contains button,
text view, and result view. The Application starts recording the data once the user clicks
the Start Recording button on the Application screen.

The Application will start

capturing signals from accelerometer, gyroscope, and magnetometer sensor in x, y, and z
axes and store data collected during the 30 second test along with the timestamp to a CSV
file. At the end of the test, three CSV files are generated, one for each sensor on the
smartphone.
To determine how tremor changed throughout the day, the PD patient was
monitored using this Smartphone application. The experiment was performed from 7AM
to 9PM (every hour). Events representing taking of the medication were recorded.
Similarly, a Healthy Subject was asked to do the same set of experiments during the day.
The results were compared to see variability of the tremor changes between a PD patient
and Healthy Subject during the day.
In another experiment, a set of 10 Healthy Subjects were asked to repeat the same
experiment twice. The first test is to hold the smartphone in normal position and the
second test is to simulate the tremor. This dataset was used to compare results of Normal
(Healthy), Simulated (Healthy) and PD patient.
User interface was designed with activity consisting of a start/stop button and a
count-down timer to tell the user that the data is being recorded. The Application Design
is shown in Fig 3.5.
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Figure 3.5: Application Design flow chart

Once the application starts to record the data, the front-end UI acquires value
from embedded sensors. Samples from accelerometer, gyroscope and magnetometer
sensors are acquired and stored in the following format <x-sample, y-sample, z-sample,
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timestamp> and stored in the file in CSV format. The user interface of the mPAT is
shown in Fig 3.6.

Figure 3.6: mPAT(Mobile Personalized Analysis of Tremor)

3.3.2 Experimental data collection
The application is tested on a group of subjects to access accuracy and user
acceptance. The experimental data collection included
One PD subject monitored throughout the day
One Healthy subject monitored throughout the day
10 Healthy Subjects in normal state and simulated Parkinson’s tremor
The data collection was performed to analyze the following:
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How typical tremor varies throughout the day, for a normal subject or for a
PD subject to assess the effects of medication.
Calculate the Root Mean Square of Distance during each hour to determine
the tremor using accelerometer signals.
Calculate the Root Mean Square of Angular Displacement in degrees during
each hour using gyroscope signals.
To compare the results with Healthy Subject, Simulated tremor dataset and
Patients dataset.
Perform Spectral analysis to calculate the total power, total power in
Parkinson’s band, Maximum power, and Maximum frequency.

3.4

Signal Processing

The raw data samples that were stored in the Smartphone SD card were analyzed
using Matlab R2012b (Mathwork, Miami, USA). The signal processing was performed
for accelerometer and gyroscope signals to estimate displacement of tremor and Spectral
analysis to determine the power and frequency of the tremor.
We analyzed the need for sensor calibration before Signal processing. Calibration
of sensor is necessary when readings of a particular sensor differ significantly from the
“gold standard” or expected values. In the case of the accelerometer signal calibration
procedures typically use gravity force to assess readings from the sensor. For example,
when you place the smartphone device on flat surface with screen down, the X and Y
axes should read 0g and Z-axis should read 1g due to the Earth’s gravity (9.81 m/s2). The
results of our calibration test are represented in Table 3.1 and Table 3.2.
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Table 3.1: Absolute Calibration Results

-1 g [m/s2]

Accelerometer Axis

0 g [m/s2]

+1 g [m/s2]

X

-9.774

0.051

9.895

Y

-9.603

0.018

9.781

Z

-10.343

-0.608

9.210

Table 3.2: Relative Measurement Error

Accelerometer Axis

-1 g [m/s2]

0 g [m/s2]

+1 g [m/s2]

X

-0.996

0.005

1.009

Y
Z

-0.979
-1.054

0.002
-0.062

0.997
0.939

The calibration results presented in the above table demonstrate that there is no
need for calibration, at Zero g there was no significant change in the sensor values of
relative x, y, z and it would not affect our final results. This is particularly important
since we expect limited computer skills of our users and we wanted to simplify user
interface as much as possible.
3.4.1 Processing of accelerometer signals
Integration of accelerometer signals is necessary to assess absolute position of the
sensor. However, even small DC offset generates accumulation of significant error.
Therefore, raw accelerometer signals were filtered using the combination of Band pass
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and High pass filters to remove the DC offset. High pass Butterworth filter with cut-off
frequency 0.25Hz and band-pass FIR filter with cut-off frequencies from 2-9Hz was
designed.

Filter characteristics is represented in Figure 3.7 and Figure 3.8.

The

accelerometer data is represented as acceleration in [m/s2]. After processing the raw
signal to get filtered data, each signal was double integrated to determine the absolute
distance and later the Root Mean Square (RMS)of Distance and Root Mean Square
(RMS) of 3D Acceleration was calculated.
HighPass Butterworth (fc = 0.25 Hz)
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Figure 3.7: High Pass Butterworth Filter (3rd order)
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BandPass FIR (fpass = 2 - 9 Hz)
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Figure 3.8: Band Pass FIR Filter (51st order)

3.4.2 Processing of gyroscope signals
Gyroscope signal is much more immune to noise and significantly lower DC
offset. To preserve characteristics of the signal, raw gyroscope signals were filtered
using a Band-pass FIR filter to remove the DC drift and high frequency noise. The filter
was designed with pass band range from 2Hz to 9Hz that contains tremor–related
variation between 3-8 Hz, according to the open literature. The Gyroscope reported
signals as angular velocity in radians/sec. The filtered signal was integrated once to
determine the angular displacement in degrees.
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3.4.3 Spectral processing of inertial signals
Since PD tremor has a duration of few seconds once it begins, selecting a very
short window could increase the false detection of tremor. A long window could reduce
the resolution of tremor detection by accumulating results and reduces accuracy. Due to
this reason a window size of 256 was selected for Spectral Analysis using Fast Fourier
Transform (FFT) with 50% overlap in each window. A 50% overlap window helped us
to acquire results in middle of each window. The mean of the raw signal was subtracted
with each sample to eliminate the DC offset from the raw signal of accelerometer. For
each window total power (t p), total power in Parkinson’s band (t ppb), Maximum frequency
(fmax), and Maximum spectral component amplitude (pmax) were calculated.

3.5

Results and Conclusion

This section represents the results of long term monitoring of PD subject and a
healthy control subject, as well as analysis of results for a group of 10 Healthy Subjects
during normal state and simulated tremor.
3.5.1 Raw Signal of Accelerometer
The accelerometer sensor reports data in m/s2 in each axis. The raw signal from
accelerometer sensor was analyzed to determine the change in each axis during the test
and to verify the noise associated with each signal. The raw signal is shown in Fig 3.9.
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Figure 3.9: Raw Signal of Accelerometer sensor

3.5.2 Filtered Signal of Accelerometer
The raw accelerometer signal was filtered using the combination of high pass and
band pass filter to remove the noise that was associated with each signal of
accelerometer. The filtered signal was used for calculating the average distance moved
by the device during the test. The filtered signal is shown in Fig 3.10.
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Figure 3.10: Filtered Signal of Accelerometer sensor

3.5.3 Distance calculation
The distance was calculated by double integrating the filtered signal in time
domain. The distance plot for each axis is shown in Fig 3.11.
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Figure 3.11: Distance calculation from accelerometer

3.5.4 Magnitude of Distance
The Magnitude of Distance was calculated to determine the three dimensional
magnitude of distance as shown in Figure 3.12.
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Figure 3.12: 3D Magnitude Distance

3.5.5 RMS Distance of PD patient and Healthy Subject
The filtered signals from each axis of the accelerometer were integrated twice to
determine the average motion of smartphone caused by tremor. Fig 3.13 shows the plots
of Root Mean Square (RMS) of Distance plot in mm that is compared between PD
patient and Healthy Subject. The hand tremor was monitored during the day from 7AM
to 9PM. X-Axis is denoted by time in hours and Y-Axis as RMS Distance in mm. We
could clearly see that PD patient exhibited more displacement (in mm) than the normal
healthy subject and the displacement was almost 5 times more than the healthy subject.
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Figure 3.13: RMS of Distance for PD patient and Healthy Subject

3.5.6 RMS Angle of PD patient and Healthy Subject
The filtered signals from each axis of the gyroscope were integrated once to
determine the angular displacement of tremor. The plot in Fig 3.14 shows the assessment
of tremor based on the gyroscope sensor. The plot contains the Root Mean Square of
Angles in degrees for both PD patient data and Healthy subject. The X-Axis denotes the
time in hours and Y-Axis as the RMS of Angle in degrees. At about 8PM we could
clearly see that the RMS of Angle goes to 6 degrees which might be the case of tremor
because the medication would have lost effect of the long gap between 2PM to 7PM.
The Angular displacement was slightly more than the Angular displacement of Healthy
Subject.
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Figure 3.14: RMS of angle for PD patient and Healthy subject

3.5.7 RMS of Distance For Normal Data set
The below table represents a list of 10 Healthy subjects and for each subject
processing is done to calculate the RMS of Distance(in mm) and RMS of 3D
Acceleration (in m/s2). We could see that the displacement of the mean of all healthy
subjects is 1.88 mm and the standard deviation is 0.77 mm. The Mean age of the Healthy
Subject was 29.9±9.9 years.
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Table 3.3: RMS of Accleration and Distance of Healthy Subjects

Subject

Age
[years]

RMS 3D Magnitude Normal
[m/s2]

RMS 3D Distance Normal
[mm]

1

55

0.11

1.44

2

25

0.09

1.19

3

28

0.12

1.32

4

24

0.10

1.34

5

24

0.11

1.52

6

24

0.11

1.75

7

23

0.15

3.49

8

28

0.13

1.44

9

38

0.14

2.66

10

30

0.10

2.64

Mean

29.90

0.12

1.88

S.D

9.88

0.02

0.77

3.5.8 RMS of Distance For Simulated Dataset
This test was performed with the same set of healthy individuals that were asked
to simulate the tremor to test signal processing algorithms. The displacement (in mm)
was significantly more than the normal condition and the mean of simulated displacement
was 8.68±5.34 mm. A PD patient with a severe case of hand tremors might experience
similar kind of displacement.
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Table 3.4: RMS of Accleration and Distance of Simulated Dataset
Subject

Age
[years]

RMS 3D Magnitude Simulated
[m/s2]

RMS 3D Distance Simulated
[mm]

1

55

4.41

11.17

2

25

5.77

7.56

3

28

6.46

12.33

4

24

0.99

5.16

5

24

0.46

3.46

6

24

1.21

6.13

7

23

1.75

20.18

8

28

0.89

3.96

9

38

0.83

4.25

10

30

5.24

12.64

Mean

29.90

2.80

8.68

S.D

9.88

2.37

5.34

3.5.9 RMS of Angles For Healthy Data set
The same set of tests were processed for the analysis of gyroscope data. The
mean angles for the healthy subject was around 0.86±0.38 degrees. The angular velocity
and displacement of healthy subjects were as expected.
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Table 3.5: RMS of Angular Velocity and Angular Displacement of Healthy Subjects
Subject

Age
[years]

RMS angular speed Norm [deg/sec]

RMS Angle Norm
[deg]

1

55

1.16

0.56

2

25

0.97

1.30

3

28

1.57

0.58

4

24

1.25

0.47

5

24

1.81

0.87

6

24

1.41

0.83

7

23

1.89

0.62

8

28

1.44

0.77

9

38

2.24

1.72

10

30

1.78

0.91

Mean

29.90

1.55

0.86

S.D

9.88

0.38

0.38

3.5.10 RMS of Angles For Simulated Data set
We performed this test with healthy individuals who were asked to simulate the
tremor and compare their result with the PD subject. The angular displacement (in
degrees) was significantly more than the normal condition and the mean of simulated
angular displacement was 3.99 degrees and Standard deviation of 2.92 degrees. PD
subjects with severe cases of tremor might experience a similar kind of angular
displacement, according to the open literature.
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Table 3.6: RMS of Angular Velocityand Angular Displacement in Simulated
Experiments for Healthy Subjects
Subject

Age
[years]

RMS angular speed Simulated
[deg/sec]

RMS Angle Simulated
[deg]

1

55

244.35

7.29

2

25

139.58

5.43

3

28

82.34

3.14

4

24

27.49

1.17

5

24

15.65

1.64

6

24

39.26

1.73

7

23

95.24

5.15

8

28

19.88

1.57

9

38

9.11

2.82

10

30

227.94

10.00

Mean

29.90

90.08

3.99

S.D

9.88

87.47

2.92

3.5.11 Spectral Analysis
A window-based FFT analysis was performed to compute the total power in each
window. The total power is calculated as the sum of absolute values of all frequency
components, except the first one (DC offset/very low frequency drift) multiplied with
frequency increment ( f). The total power in Parkinson’s band is the total power in 38Hz band. The first five seconds of data was eliminated to avoid the sudden motion
caused by pressing the start button to start the application. The total power reached a
maximum of 95 m2/s3 for Healthy Subject and the Total Power in Parkinson’s Band
reached maximum of 25 m2/s3.
47

Total Power - Normal
Total Power[m2/s 3]

100

80
70
60

Total Power in Parkinson Band[m2/s 3]

TotalPower[m2/s 3]

90

5

10

15

20
25
Time[secs]
Total Power in Parkinsons Band - Normal

30

30
Total Power in Parkinsons Band[m 2/s 3]
25
20
15
10

5

10

15

20

25

30

Time[secs]

Figure 3.15: Total Power and Power in Parkinson’s Band
for Healthy Subjects

As expected, the total power was significantly higher for simulated tremor
measurements. The Total power reached a maximum of 1,300 m2/s3. The total power in
the Parkinson’s band reached maximum of 625 m2/s3 which was slightly more than the
Healthy condition.
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Figure 3.16: Total Power and Power in Parkinson’s Band
for Simulated Healthy Subjects

The total power reached a maximum 60 m2/s3 and the total power in Parkinson
Band reached maximum of 22 m2/s3.
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Figure 3.17: Total Power in Parkinson’s Band for PD subject

3.5.12 Maximum Power and Maximum Frequency in Parkinson’s band
The Maximum power in Parkinson’s band is the maximum amplitude that falls in
the Parkinson’s band (3-8Hz) for each window. The Maximum power reached maximum
of 6.2m2/s3 and the Maximum frequency was varying throughout the test and reached
maximum of about 7.2Hz.
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Figure 3.18: Maximum Power and Maximum Frequency in Parkinson’s Band
for Healthy Subject

The Maximum frequency was considerably less than the simulated tremor in the
case of PD patient.
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Figure 3.19: Maximum Power and Maximum Frequency in Parkinson’s Band
for the PD subject

3.5.13 Spectral analysis of tremor of healthy subjects
The Spectral Analysis was performed on 10 Healthy subjects and the mean of
total power was 86.67 m2/s3. The average of Total Power in Parkinson’s band was
around 4.20 m2/s3. The mean of Maximum Power was 5.37 m2/s3 and the mean of
Maximum Frequency was 5.86 Hz.

The Healthy subjects exhibited a maximum

frequency of 8.98Hz and a minimum frequency of 3.52Hz.
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Table 3.7: Spectral Analsyis of tremor of healthy subjects

Age
Subject [years]

Total Power
[m2/s3]

Total Power in
Parkinson’s band
[m2/s3]

Maximum
Power [m2/s3]

Maximum
Frequency
[Hz]

1

55

52.72

14.92

2.71

2.73

2

25

67.82

21.98

4.64

5.86

3

28

96.33

26.37

6.46

6.64

4

24

61.45

14.77

3.6

3.91

5

24

95.33

20.45

5.14

3.13

6

24

70.06

26.8

5.6

3.13

7

23

105.49

38.29

8.6

4.3

8

28

101.32

34.23

5.48

7.42

9

38

93.86

49.26

10.55

2.73

10

30

122.33

34.71

7.09

2.73

Mean

29.90

86.67

28.18

5.99

4.26

S.D

9.88

22.31

10.98

2.32

1.76

Min

23

52.72

14.77.

2.71

2.73

Max

55

122.33

49.26

10.55

7.42

3.5.14 Spectral Analysis of Simulated tremor
The test was performed by making the Healthy subjects simulate the tremor and
Spectral Analysis was performed for that data set.

The mean of total power was

686.53 m2/s3 which is significantly more than the normal state. The average of Total
Power in Parkinson’s band was around 4.56 m2/s3. The mean of Maximum Power was
5.84 m2/s3 and the mean of Max Frequency was about 3.40Hz. The Simulated dataset
exhibited a maximum frequency of 5.47Hz and a minimum frequency of 2.73Hz.
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Table 3.8: Spectral Analysis of Simulated tremor

Subject

Age
[yrs]

Total
Power
[m2/s3]

Total Power in
Parkinson’s band
[m2/s3]

Maximum Power
[m2/s3]

Maximum
Frequency
[m2/s3]

1

55

797.93

297.42

140.34

4.69

2

25

1290.05

617.89

308.62

2.73

3

28

1398.6

688.04

251.13

7.42

4

24

347.44

122.94

45.04

2.73

5

24

296.53

98.44

18.35

3.13

6

24

492.45

227.21

49.16

5.08

7

23

579.06

223.76

57.29

4.69

8

28

360.02

202.65

67.84

3.91

9

38

184.05

109.44

34.72

2.73

10

30

1119.19

632

304.56

4.69

Mean

29.90

686.53

321.98

127.71

4.18

S.D

9.88

440.49

232.36

116.21

1.47

Min

23

184.05

98.44

18.35

2.73

Max

55

1398.6

688.04

308.62

7.42
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CHAPTER 4

SMART SOLE

Accurate real-time classification of human activity, posture and gait is critical for
a number of medical applications and facilitates generation of the timely feedback to the
user. Wearable systems using body worn sensors provide unobtrusive monitoring during
daily activities. Sensors embedded in the shoe, frequently call SmartShoe or SmartSole,
provides convenient monitoring of physical activity and gait of users. Every year a large
number of elderly suffer from accidents related to falling and instability [32]. The
number of people affected by neurodegenerative diseases is increasing drastically due to
the increase in the population of elderly [46]. It is critical to diagnose subjects with high
risk of falls and injuries and provide them with effective health-care.

PD patients

frequently experience motion related issues, such as rigidity, Bradykinesia, Akinesia, and
postural instability.
There are many expensive systems such as Pedar Insole System (Novel,
Germany) suitable for measurement of human activity, but mostly in the indoor
laboratory. In today’s modern world, the basic requirement is to provide a cost effective
and a compact system for the user that can be used during daily activities, outside of
laboratory.
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Several methods have been proposed using the pressure sensor and force sensing
Resistors [47], [6], [26], [27], [47], [48]. Our idea was develop a novel system that
includes embedding of Force Sensing Resistors (FSR’s) in the in-sole at three pressure
regions, combine it with inertial measurements from accelerometer, and transmit
wirelessly to a smartphone for real-time analysis and feedback to the user.
FSRs allow detection of the physical pressure. They are low-cost sensors that are
simple to use. The main issue of FSR sensors is nonlinearity, which prevents exact
assessment of forces. However, FSR can be used to detect timing of individual phases of
gait. These sensors typically have a circular part which changes the resistance when a
force is applied. Therefore, it can be used to detect moments when the user steps onto the
sensor. It is made up of two layers, so the more pressure you apply, the more it touches
the semiconductor region that makes the resistance to go down. The sensors change the
resistance value (in ohms) depending on how much its pressed. When no pressure is
applied it has infinite resistance (open-circuit). When maximum pressure is applied it
goes up to 200Kohms. The current consumption of these sensors is less than 1mA at 3.2
volts per square cm of applied force which depends upon the value of pull-up or pulldown resistors that are used. The resistance applied is inversely proportional to the force
applied.
The type of the sensor that was used for our thesis work is from Interlink
Electronics FSRTM400 series [49]. The sensors have a circular shape, around ½ inch in
diameter that senses the force or pressure applied on that region.
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The force sensitivity is optimized for use in human touch control of electronic
devices such as automotive electronics, medical systems and in industrial and robotics
application. These sensors are widely used in the music industry to sense the keyboards.
The main advantage of this sensor is that it is very thin, so it is easy and comfortable to
wear along in the insole. Donkrajang et.al. [47] have used FSR sensors for monitoring of
human locomotion. In their project they have calibrated the force sensors by applying
forces that ranged between 5-150N and found that the results were non-linear. After
calibration they found that the sensors were very sensitive to forces.
FSR Sensors are basically variable resistors which means they are non-polarized.
They have two leads which can be connected either way. We designed a force to voltage
signal conditioning circuit represented in Fig 4.1. The signal conditioning circuit is
basically a voltage divider circuit that converts the resistance form FSR sensor into linear
voltages. This configuration allows both analog and digital interface to read the signal.
Reverse Logic was implemented which means the pull-up resistance was connected to the
VCC(3.2 volts). So, when maximum force is applied, the voltage level is in active low
state.

General Purpose Input/
Output (GPIO)

FSR
Sensor

50Kohms

3.2 volts
(VCC)

C1

GND

Figure 4.1: FSR Signal Conditioning circuit
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4.1

System Organization

The system consists of Smart Sole that consists Force Sensing Resistors(FSR’s)
embedded on the insole at three significant pressure points namely, the ball, the lateral
border and the heel. The idea is to monitor the pressure back and forth and process this
data using Low-power Bluetooth device OLP425 from ConnectBlue which is based on
Bluetooth Low Energy System-on-chip CC2540 from Texas Instruments.

After

performing signal processing, the processed data is sent over Bluetooth to an Android
Smartphone device that is capable of Bluetooth Low Energy communication.
Smartphone application processes digital values from each force sensor.

Insole
System
Send
Processed
Results

Smartphone
Application

Figure 4.2: System Organization
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The

4.1.1 Wireless Communication
The Wireless Communication that was incorporated in our project was using
Bluetooth Low Energy (BLE) Technology also called as Bluetooth Smart. This version
4.0 of Bluetooth technology enables to communicate using Basic Rate(BR) often called
BR/EDR (Basic Rate / Enhanced Data Rate) and Bluetooth Low Energy(BLE).
The BLE system is a new technology that was created for the purpose of
transmitting very small packets of data at a time, while consuming significantly less
power than BR/EDR devices. Devices that can support both BR and BLE are referred to
as “dual-mode” devices. Typically in a Bluetooth system, a mobile phone or laptop
computer will be a dual-mode device. Devices that only support BLE are referred to as
“single-mode” devices. The single mode configuration is basically used for applications
in which low power consumption is of a major and primary concern, such as embedded
devices that would run typically on a coin cell battery.
The wireless communication standard is different from the classical Bluetooth
technology.

The Bluetooth Low Energy Protocol stack consisted of basically two

profiles, namely, Generic Access Profile (GAP) and Generic Attribute Profile (GATT).
The GAP layer is responsible for handling the access modes of the device and procedures
that includes the following,
Device Discovery
Link Establishment and termination
Device Configuration
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The four major roles of GAP layer are,
A. Broadcaster can advertise but cannot establish any connection.
B. Observer can scan for an advertiser but it doesn’t initiate connection.
C. Peripheral acts as an advertiser that can establish connection and operates
as slave.
D. Central performs advertisements and initiates connections as a master. It
can support up to three simultaneous connections.
The default setup of the application is to support the peripheral role in a typical
BLE system, the peripheral device advertises with specific data. This advertisement
consists of device address, device name etc., the central device upon receiving the
advertisement sends a “scan request” to the peripheral. The peripheral then responds
with the “scan response”. This the complete process of device discovery, so after this
process the central device now knows about the peripheral device and allows to form a
connection. The central device can send out request to establish link with the peripheral
device.
The next layer in the BLE protocol stack is the Generic Attribute Profile (GATT).
This layer is designed to be used for data communication between two connected devices.
If a device is connected then they can be in one of the two roles namely, GATT client
(or) GATT server. If the role is GATT client then device can perform reading/writing
data from/to the GATT server If the role is GATT server then the device containing the
data can be read/written by the GATT client. These roles are completely independent of
the slave and master roles of the link-layer. So, a slave (or) master can be either a GATT
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Client (or) GATT Server. The GATT server consists of few (or) more services which are
basically collection of data to accomplish a particular feature. GATT layer defines set of
sub-procedures that is responsible for communication between GATT server and GATT
client.
A. Read Characteristics Value: The client requests to read the characteristics value at
specific handle and the server corresponds to the client with that value.
B. Read using Characteristics UUID: UUID is universal unique identifier.

The

UUID helps to read all characteristic values of certain type and the server responds
to the client with the handles and values of that matching type.
C. Read Multiple Characteristic Values: In a single request, the client requests to
read characteristic values of several handles and the server automatically responds
with appropriate values.
D. Read Characteristic Descriptor: The client send requests to read a characteristic
descriptor at specific handle and server responds to the client with the descriptor
value.
E. Discover Characteristic by UUID: The client would request to discover the handle
of specific characteristics by its type. The server responds with handle of the
characteristics value and as well as the permission of the characteristics.
F. Write Characteristic Value: The client can request to write a characteristics value
to the specific handle to the server. The server will reply back to the client if it is
successful or not.
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G. Write Characteristic Descriptor: The client sends a request to write a
characteristics descriptor at a specific handle to the server. The server responds by
saying that it was successful or not.
H. Characteristic Value Notification: The server notifies the client of a characteristics
value. The client do not need to prompt every time to the server for data.
Our project included the feature of characteristic value notification. This feature
is enabled by sending the notification command to the GATT server (LP BT Module).
After enabling, the GATT server notifies the GATT client(Smartphone) every time
throughout the connection. This feature reduces the communication overhead between
GATT server and GATT client.
Each profile initializes its corresponding service and internally registers the
service with the GATT server on the device. The GATT server adds the entire service to
the attribute table, and assigns unique handles to each attribute. There are a few special
attribute types that are found in the GATT attribute table, with values defined by the
Bluetooth SIG.
A. GATT_PRIMARY_SERVICE_UUID: This indicates the start of a new service,
and the type of the service provided.
B. GATT_CHARACTER_UUID: This is known as the “characteristic declaration”,
and it indicates that the attribute immediately following it is a GATT characteristic
value
C. GATT_CLIENT_CHAR_CFG_UUID: This attribute represents a characteristic
descriptor that corresponds to the nearest preceding (by handle) characteristic value
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in the attribute table. It allows the GATT client to enable notifications of the
characteristic value.
D. GATT_CHAR_USER_DESC_UUID: This attribute represents a characteristic
descriptor that corresponds to the nearest preceding (by handle) characteristic value
in the attribute table.

It contains an ASCII string with a description of the

corresponding characteristic
4.1.2 LP BT module
The Low Power Bluetooth Module OLP425 is a Bluetooth Low Energy platform.
The cB-OLP425 is based on the CC2540 Bluetooth Low Energy System On Chip from
Texas Instruments. This allows us to create Bluetooth Low-Energy applications. It
includes the 2.4GHz transceiver, micro-controller, 8KB of RAM, 256KB of Flash
Memory and other peripherals. This module provides a tri-axis accelerometer sensor
from STMicroelectronics and a temperature sensor from Texas Instruments.

The

temperature sensor provides an option of either 0.5°C (max) from 0°C to +65°C. The
Accelerometer sensor has an option of ±2g/±4g/±8g/±16g dynamically selectable full
scale. It also provides two independent interrupt generators for free-fall and motion
detection.

Figure 4.3: Block Diagram CC2540
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The Application Software is developed using IAR Embedded Workbench for
8051 and supports a coin type battery CR1632 that can provide battery life up to 10
years. The interface has 18 digital I/O pins (GPIO), SPI/I2C interface and UART with
maximum baud rate of 115.2Kbits/s. It also includes 4 ADC Channels. and 2 LED’s.
The ADC channels can support up to 12 bit of resolution. To debug the application
software,CC2540 TI debugger is used.

The power supply voltage varies from 2.0-

3.6volts DC supply. It weighs less than 1gram and its dimensions are 15*22*3mm
without the battery holder. It supports Android connectivity and also iPhone/iPad/iPod
touch connectivity that supports Bluetooth Low Energy connection.

Figure 4.4: cB-OLP425 (ConnectBlue) BluetoothLowEnergyModule
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This platform supports two different stack operations,
As Single Device, It is one of the simplest and most common configuration. In this type
of configuration the controller, host, profiles and applications are developed on the single
chip solution.

Figure 4.5: Single Device configuration
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As Network Processor, In this type of configuration the controller and host are developed
together on CC2540 while the profile, application are developed separately on other unit.
The application and profile will communicate with CC2540 module by means of vendorspecific HCI commands using UART interface or using virtual UART interface like
USB. This type of configuration is useful for applications that could execute on other
device or PC. These type of applications can be developed externally while running BLE
on stack on the CC2540.

Figure 4.6: Network Processor Configuration
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4.2

Insole Design

The idea to design the insole system was to make it easy and comfortable for the
user to wear along with their shoes. Grandez et.al. [40] have presented a wearable system
using Force Sensors for monitoring gait in Parkinsonian patients. In their project they
have designed the insole by placing the sensors between two thin insoles. They used
wires to solder the terminals of the sensors. Later they placed the sensors at three major
pressure points.
4.2.1 Insole design using copper tape
In our project we have embedded the FSR sensor in three pressure points. The
heel position, lateral border and ball position as shown in Fig 4.8. Overall, it is an ultrathin sensor measuring 0.45mm thickness which would be easy for patients to wear along
with the shoe. Basically there are two parts in force distribution such as the rear foot and
the forefoot part. Initially there were many trials made to design the insole with the help
of wires and tapes. But using wires on insole might be uncomfortable for the users.
To overcome this problem we have designed a pattern using CAD software. The
pattern was designed in 1:1 measurement. This pattern file was fed in to the cutting
machine that will exactly cut the pattern. As copper conducts electricity we have used
copper tapes that will be inserted in to the cutting machine to cut our pattern as shown in
Fig 4.7.
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Figure 4.7: Left tape pattern

The copper tapes are basically adhesive tapes. After cutting the copper tapes, it
will be fixed on the insole as shown in Fig4.8. This figure shows the complete pattern
file that was created to match the insole design. This arrangement would help us to avoid
short circuitry.

Figure 4.8: Insole Pattern for Left Insole
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After placing the copper tapes on the insole, the Force Sensors were soldered on
to the copper tapes. After soldering, in order to make the sensors fit firm on the insole,
we used easy tapes on the area where we soldered the copper tapes. Later thin wires were
used to take connections to the Bluetooth Low Energy device (OLP425) as shown in Fig
4.9.

Figure 4.9: Pattern for left and right insole
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4.2.2 Insole design using flexible PCB
The insole was later designed using flexible PCB to improve the ruggedness of
the product. The problem associated with the copper tapes was the peeling nature of the
tapes during use. The permanent solution to address this problem is to use a flexible
PCB. The current design was replaced using a flexible PCB. The flexible PCB design
consists of two layers. The top layer consists of traces that connect passive components
resistors and capacitors in the form of Surface Mountable Device (SMD) with the force
sensors. The edge connectors at the end connects the Bluetooth Low Energy (BLE)
device. The bottom layer is ground shielded. It forms a compact solution for the insole.

Figure 4.10: Flexible PCB design
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4.3

Hardware Design

The idea of this application was to detect the freezing of gait. A force to voltage
conversion was designed with the force sensors. The resistance of the Force sensor
varied from infinite resistance when no pressure is applied and to several hundreds of
ohms when pressure was applied. The force to voltage conversion helped to convert the
resistance from FSR to linear voltages. Reverse logic was implemented, when no force is
applied it will be 3.2volts (logic high) and when maximum force is applied it will be
0volts (logic low).

4.4

Software Design

The Software Design was basically classified into two parts. The Embedded
Application which is for the back-end system and Smartphone Application for the frontend system. The idea of this application is to read these voltage values using the General
Purpose Input Output peripheral on LP BT module and detect the force applied on the
sensors back and forth.
4.4.1 Embedded application
The Embedded Application was designed using IAR Embedded Workbench for
8051 version 8.10.4. This environment IDE allows user to compile and debug the
application. As we already discussed, LP BT platform is a complete software platform
for developing single mode BLE applications. It is based on the CC2540 which is a
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complete System-on-Chip solution.

This package includes 2.4GHz RF transceiver,

micro-controller and supports up to 256KB of in-system programmable memory, 8KB of
RAM and set of peripherals like I2C, SPI etc.,
The Embedded Software includes five major sections:
Operating System Abstraction Layer(OSAL)
Hardware Abstraction Layer (HAL)
BLE Protocol Stack
Profile Layer
Application

The OSAL Layer is basically a control loop that allows user to setup execution of
events. For each layer that needs this type of control, a task ID is created and a task
Initialization routine must be defined and added to the OSAL initialization. A event
processing routine is also defined. In addition to task management, the OSAL provides
additional services such as message passing, memory management and timers.
The HAL Layer provides an interface of abstraction between the physical
hardware to and the application and protocol stack. This allows for development of new
hardware without making changes to the protocol stack or Application Source Code.
However when developing with a different hardware platform, it might be necessary to
modify HAL source for compatibility.
The BLE Protocol stack is provided as object code in a single library file. It
includes the GAP and GATT layers where they directly interact with the profiles and
application.

72

4.4.2 Smartphone application
The smartphone application consists of the following components,
Receive data via Bluetooth 4.0
User Interface
Initially, the application requests user to turn on the Bluetooth 4.0 for
communication between Low Power Bluetooth device and Smartphone. On successful
pairing with the device, user needs to enable the notification on application in order to
receive periodic data from LP BT module. The Application then acquires value from
LPBT module and displays the detection of Force Sensors by expressing it as logic 0 for
no input detected and logic 1 for detected input.

Figure 4.11: Android Bluetooth LE application
to monitor force sensors
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4.4.3 Signal Processing
The Signal processing on Low power Bluetooth module is performed using
General Purpose Input/ Output peripheral. A timer interrupt checks if input from force
sensor is detected. If the input is detected then the status variable is set high, otherwise it
is set to low. This routine is repeated for all the three force sensors on insole. The PD
patient experiences back and forth movement in legs during freezing of gait, which can
be monitored with the help of smartphone application. This application can log data and
guide the user throughout the day, or intervene when the FOG event is detect to generate
acoustic stimulus and unfreeze the subject.
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CHAPTER 5

CONCLUSION

Parkinson’s Disease is becoming a wide spread disease among elderly people.
Every year approximately 60,000 Americans are diagnosed with Parkinson’s disease and
this number does not reflect the thousands of numbers that go undetected. An estimate of
about 7-10 million people worldwide are living with Parkinson’s Disease. The cost that
is associated for treatment of PD is around $2,500 per year and therapeutic surgery goes
up to $100,000 per patient.

In order to monitor Parkinson’s patients, a number of

wearable health care monitoring systems have been presented.

These systems can

postpone hospitalization of PD patients and facilitate analysis of their day-to-day activity
at home. Several groups have been focusing on monitoring and detection of various
types of motor symptoms typical for PD patients during the course of PD.
This thesis work consists of two different applications to monitor PD subjects.
The first application is a smartphone application that monitors the tremor using the
smartphone’s built-in inertial sensors and the second application is a wearable insole
system that can detect freezing of gait in PD subjects and un-freeze the subject by
acoustic stimulus using smartphone application.

75

Original contributions in this thesis include the following,
A. mPAT (Mobile Personalized Analysis of Tremor), an Android smartphone
application was developed to monitor tremor in PD patients.
B. Signal processing was performed to assess parameters associated with tremor of
Parkinson’s patients.
C. Hardware

Design

and

Implementation

of

Smart

Sole

that

includes

implementation of force Sensors on insole and Insole pattern design for flexible
PCB implementation.
D. Embedded Software Application was developed using the Low-power Bluetooth
Platform (LP BT) and interfaced with the smartphone application.
E. Smartphone application that enables the use of Bluetooth 4.0 to receive data from
the force sensors and displays the data on the front-end application to monitor
the activity of Parkinson’s patients.

Future Work includes the following,
A. Implementation of Analog to Digital converter to read Force Sensor values and
better Signal Processing algorithm in Low Power Bluetooth module.
B. Implementation of Database of Patients records and then upload the data to
server.
C. Implementation of other alternative methods for Signal processing using autoregressive model and Wavelet processing.
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